Recent econometric procedures are employed in this paper to investigate the behavioural properties of Amman Stock Exchange (ASE) indices. Box-Jenkins estimation, irrespective of the index examined, produced different models with a high prediction performance, violating the EMH conditions. The unit-root test also confirmed these results since the return series for all indices did not exhibit unit root, and all processes were stationary.
Strong form efficiency: Prices fully reflect all information known to any market participant (public and private information). From this idea of information sets, Fama (1970) assembled a comprehensive review of theoretical and empirical evidence of market efficiency in which he deems an efficient market as "a market in which prices always 'fully reflect' available information."
In an efficient market, trading on available information fails to provide an abnormal return. In order to prove or disprove the EMH, a model of "normal" returns must be specified against which the actual returns can be compared. Abnormal returns, the difference between the return on a security and its expected return, are forecasted using the chosen information set. If abnormal returns are found to be unforecastable or "random", the EMH is not rejected. To clarify, abnormal returns should not be confused with excess returns, which are defined as the difference between the actual return and the risk-free rate. Implicit to the EMH is the precondition that the cost of information acquisition and trading are equal to zero. However, these costs are clearly positive, driving Fama (1991) to revise his definition of the EMH to a weaker and economically more sensible version stating "prices reflect information to the point where the marginal benefits of acting on information (the profits to be made) do not exceed marginal costs." Most recently, Fama (1998) modified his definition once again, an adjustment which spawned from the growing body of empirical research of all three forms of the EMH. This definition states that in an efficient market "the expected value of abnormal returns is zero, but chance generates deviations from zero (anomalies) in both directions."
Literature Review
Emerging stock markets have recently attracted increasing attention from both researchers and investors. The great interest is not surprising because during early nineties growth of emerging markets are remarkable. Besides its phenomenal growth, emerging market attracts their low correlation with major developed stock markets, and also stock returns in many emerging markets are noticeable more predictable than developed stock markets because of exhibiting systematic patterns.
El-Erian and Kumar (1995) found some departures from weak-form efficiency in Middle Eastern stock markets, but emphasise the serial dependence is sufficiently weak that it likely has little value in predicting future prices. Their finding is consistent with that of Butler and Malaikah (1992) , who found statistically significant autocorrelation in the stock markets of Kuwait and Saudi Arabia. Nourrrendine and Kababa (1998) has also examined the behavior of stock prices in the Saudi Financial Market, seeking evidence for weak-form efficiency, but found that the market is not weak-form efficient. Poshakwale (1996) investigated the weak form efficiency and the day of week effect in the Bombay Stock Exchange using runs test and serial correlation coefficient tests. The results of runs test and serial correlation coefficient tests indicate a nonrandom nature of the series and, therefore, violation of weak form efficiency in the BSE. The other null hypothesis that there is no difference between the returns achieved on different days of the week is also rejected as there is clear evidence that the average returns are different on each day of the week. Mobarek (2000) examined the weak-form efficiency in Dhaka Stock Exchange using the daily price indices of all the listed securities on the DSE for the period 1988 to 1997. The results of both non-parametric tests (Kolmogrov -Smirnov normality test and run test) and parametric tests ( Auto-correlation test, Auto-regression, ARIMA model ) provided evidence that the share return series do not follow the random walk model, and the significant autocorrelation co-efficient at different lags reject the null hypothesis of weak-form efficiency. Moustafa (2004) examines the behavior of stock prices in the United Arab Emirates (UAE) stock market using daily prices of 43 stocks included in the UAE market index for the period October 2, 2001 to September 1, 2003. He finds that the returns of the 43 stocks do not follow normal distribution. However, the results of runs tests show that the returns of 40 stocks out of the 43 are random at 5% level of significance. Although the UAE stock market is newly developed and it is still very small, also suffering from infrequent trading, according to his results, the UAE is found to be weak-form efficient. Pandey (2003) analysed the efficiency of the Indian stock markets by using three Indian stock indices to test the efficiency level in Indian stock market and the random walk nature of the stock market by using the runs test and the Auto Correlation Function ACF (K) for the period from January 1996 to June 2002. The study found that the series of stock indices in the Indian stock market biased the random time series and do not confirming the Random Walk Theory. Sharma et al. (2009) examined the weak-form efficiency of eleven (11) securities listed on the BSE using weekly data from July 2007 to October 2007 by employing runs test and auto-correlation tests. The study concludes that the BSE is weak-form efficient and the stock prices are having very scrimpy effect on future prices which implies that an investor cannot reap out abnormal profits as the current share prices already reflect the effect of past share prices. Pradhan et al. (2009) Using the serial correlation, runs and unit root tests Abeysekera (2001) indicates that the Colombo Stock Exchange (CSE) in Sri Lanka is weak-form inefficient. His data include daily, weekly and monthly returns of the Sensitive Share Index (based on market prices of 24 blue-chip companies listed on the CSE) and a 40-security value weighted index for the period January 1991 to November 1996. The results of three tests consistently reject the random walk hypothesis. (Abraham et al. 2002) they all use variance ratio tests and runs test on the financial data of different countries for testing random walk hypothesis and found week form efficient these markets are and follow a random walk. Hassan et al. (2006) conduct a test of efficiency in seven European emerging stock markets. They use International Finance Corporation's weekly stock index data for the period December 1988 through August 2002. Several methods used in their studies including Ljung-Box Q-statistic, runs, and variance ratio tests. According to their results, except Greece, Slovakia, and Turkey, markets in Czech Republic, Hungary, Poland and Russia are found to be unpredictable. Dragotă et al. (2009) analyze the returns of 18 stocks listed at the BSE first category and of the Romanian capital market indices.11 the stocks and indices are monitored from their listing (respectively the indexes construction) date to the end of 2006. Dragotă et al. (2009) focus on the weak form efficiency, according to which all of the past prices information is incorporated into the current price and, consequently, there could not be obtained systematic abnormal returns based on historical information on prices. The investigation on the weak form of the efficient market hypothesis is based on the following tests of the random walk hypothesis: the Cowels-Jones test, the runs test and the Multiple Variance Ratio -MVR -approach. Filis (2006) tested the efficiency level of ASE by performing several tests for the period 2000-2002. These include unit roots (ADF) runs and GARCH effects tests. Furthermore he used the Wilcoxon Signed Rank test for the equality of implied versus historic volatility. He rejected the semi-strong form of efficiency as he found evidence of volatility clustering whereas he accepted the weak form as he found that the returns for this period followed a random walk.
Briefly, the previous studies cannot support or contradict the weak form efficiency in emerging markets. Much work must be conducted to investigate price dynamics in emerging markets. It is interesting to find if ASE is weak-form efficient and to what extent, and to explore the return generating process by using serial correlation and runs tests.
Data
Data tested comprised of the daily prices of the five indices in ASE from 1 st January 2000 to 31 st December 2008.
Box -Jenkins Estimation
The Box-Jenkins method of forecasting uses an iterative approach. A number of competing models are identified and estimated through following the next five steps, then the simplest (the one with the smallest number of parameters) and most well performed of these models is selected (Refer also to Appendix 4).  The first step is to difference the prices series of the indices in order to get stationarity (autocorrelation for price levels indicates non-stationarity). The price changes (first differences of price levels) are more likely to be stationary and hence are investigated (more details for stationarity is presented in Section 6.3).  The second step is to examine the autocorrelation function (AC) and partial autocorrelation function (PAC) of the data in order to identify the appropriate orders of the AR and MA components. If the autocorrelation function dies off smoothly at a geometric rate, and the partial autocorrelations were zero after one lag, then a first-order autoregressive model would be suggested. Alternatively, if the autocorrelations were zero after one lag and the partial autocorrelations declined geometrically, a first-order moving average process would come to mind (Madala, 2001) .  The third step is the estimation of the ARMA model. Different forms of ARMA model are investigated; and in order to test the significance of the estimated parameters, t ratios are applied. If higher orders of the estimated parameter prove to be insignificant, then the significant lower order is considered adequate to describe the process. Insignificant parameters are dropped from the model. The randomness of the residuals of the estimated models is then examined. Hence, the disturbance term must be random if the model is correctly specified. The Akaike Information Criterion (AIC) and the Schwartz Bayesian Criterion (SBC) are used to decide the order of the model by choosing the model which has the minimum AIC and SBC (Refer to Appendix 4). The Ljung Box Q-statistics test for autocorrelated disturbances was also applied; these show that the residuals for the chosen models are uncorrelated. On the other hand, the ARCH LM test indicates heteroscedasticity in the disturbance and a strong ARCH effect in all models. Changes in variance also, referred to as conditional heteroscedasticity or stochastic volatility, can be attributed to variations in the amount and importance of relevant price information. This issue will be investigated in more detail in Section 6.4. The final step is to evaluate the forecast performance of the model (The Theil Inequality Coefficient is used for this purpose).
Empirical Results
The AC and the PAC of the price changes are listed in Table ( 1) (see appendix 1). As shown in the table, the autocorrelation function, for the all indices, seems to be dead after 1 (or 2) lags, and the partial autocorrelations were close to zero after one or two lag. These results suggest a first or second order autoregressive model. Table ( 1-2) lists the most suitable ARMR models that describe the price changes for each index.
Prediction Validity for the Models
Theil's inequality coefficient (U) measures the prediction accuracy of a model. Theil's inequality coefficient (U) can be calculated through the following equation (Theil, 1970; Farnum and Stanton, 1989) :
: redicted value of endogenous variable y at time t (observation t of ).
: Actual value of endogenous variable y at time t (observation t of y).
T: mber of periods (observations) in the simulations (of the sample).
If U=0, then = for all t, and there is a "perfect fit" between actual and predicted data. The closer the U value to 1, the weaker is the prediction of the model. Theil's inequality coefficient can be decomposed into the following proportions of inequality.
Bias proportion: indicates the systematic differences in actual and forecasted values. , and U C are called the bias, variance, and covariance proportions respectively, and they are useful as a means of breaking the error (difference) down into three characteristic sources.
To test the prediction validity of the models, the models are estimated using the first 2000 observations, then a period of 300 observations ahead is forecasted, and the result in the forecast period is evaluated by using the Theil Inequality Coefficient. Theil Inequality Coefficient is 0 for a perfect forecast and 1 for a naïve static forecast, so under the EMH the coefficient is 1. Since the coefficient is less than 1 and close to 0 for all models, as shown in Table 6 -2, the estimated ARMA models explain price changes better than the random walk model. The bias proportion indicates how far the mean of the forecast is from the mean of the actual series, and the variance proportion indicates how far the variation of the forecast is from the variation of the actual series. If the forecast is good, the bias and variance proportions should be small so that most of the bias should be concentrated on the covariance proportions. Empirically, for all models, the bias and variance proportion is small, indicating that bias is indeed concentrated in the covariance proportion.
These results are also consistent with the findings of Nourredine and Khaba (1998), Roux and Gilberson (1978) and Poshakwale (1996) who found evidence of non-randomness in stock price behaviour and market inefficiency (not weak-form efficient) in the Saudi Arabian Financial Market, Johannesburg Stock Exchange and the Indian Market. In conclusion, the results add to the weight of evidence that emerging markets are not weak-form efficient.
Stationary and Random Walk Tests
Generally speaking, many econometric problems can arise from non-stationarity (Greene, 1997) . Granger and Newbold (1974) concluded that if macroeconomic data were integrated, then a regression involving the levels of such data has usually misleading standard significance tests. For example, the conventional t and F tests might incorrectly reject the null hypothesis of the regression, leading to spurious regression. Therefore, economic variables such as stock prices or returns should be modified before using in regression analysis.
The random walk model is:
And the random walk with drift is:
And the trend stationary process is:
Each of these three series is characterized by a unit root. Granger, Newbold and Phillip conclude that the use of data characterized by unit roots has the potential to lead to serious errors in inferences (Phillips and Perron, 1988; Davidson and MacKinnon, 1993) .
However, an alternative test of the weak EMH (beside the serial correlation and runs tests) is based on the random-walk hypothesis (for prices) which is commonly associated with stationarity and a unit root, since the series must exhibit a unit root (non-stationarity) if it is a random walk.
Using, (9) Where P is the price index, the weak EMH implies, that the log of the price is generated by the following process: 
Which is a random walk with drift in the process generating . This implies that the process has a unit root,
an implication which may be tested using standard tests for a unit root in .
2.2.1Tests for Unit Roots
In order to check the existence of a unit root, the Augmented Dickey-Fuller (ADF) statistic is employed. The test was developed by Dickey and Fuller (1979) .
Considering an AR(1) process with an intercept α:
Where α and are parameters and the are assumed to be independently and identically distributed with a zero mean and an equal variance. When , the process AR (1) is stationary, and if , then the process is non-stationary and the series is a random walk with drift. The OLS is applied to (11) to obtain , the estimate of , and then a t-test is performed for the null hypothesis against the alternative hypothesis . Rejection of the null hypothesis implies stationary series. Some problems arise in such a procedure. First, the OLS estimator is biased downwards in small samples, since there is a lagged dependent variable in (11), which poses a risk of concluding that
and that X t is stationary when it is not. Second, if the process is non-stationary, then standard large-sample distribution results are invalid. In order to apply the unit-root test, (11) is rewritten by taking X t-1 from each side:
(12) (13) According to (12) non-stationarity is rejected ( ) if the OLS estimate of is sufficiently negative. Dickey and Fuller have performed extensive simulation studies to tabulate the large-sample distribution of the t ratio under the null hypothesis that . The t ratio is distributed not about zero because of a downward bias, as it would be if the OLS estimator were unbiased, but about a value that is less than zero (Hegazy, 1998) .
As assumed in (11), the disturbance is a white noise and the equation is first order AR. If this is not a sensible assumption, the above Dickey -Fuller test is invalid in such circumstances. The Augmented Dickey-Fuller test, that modifies the actual testing procedure by generalizing equation (11) is used to test stationarity in such cases. By generalizing (11) into the r th -order, then:
Reparameterize (14) to obtain:
Where and the other are also functions of the original in (14). As noticed, the regressor in the original equation (11) has been augmented by extra differenced terms in equation (14), and is written sometimes as ADF (k), where k is the number of differenced terms included on the right-hand side of (14). The question is what order of AR process best fits the time series under study to determine the differenced terms to be included on the right-hand side of (14). Usually, the differenced terms should be included up to the limit which produces non-autocorrelated OLS residuals. The LM tests for autocorrelation are usually used for this purpose.
Testing the r th order process (14) for stationarity now is testing whether or not in (15)To test the OLS is applied to (15) and the t ratio is examined using the critical t ratios table developed by Dickey-Fuller. If is sufficiently negative, the is rejected in favour of stationarity.
Deterministic and Stochastic Trends
Two kinds of trends can appear in the process; deterministic or stochastic trends. Considering nesting the three models (16), (17), (18) in a single equation: 
X t trends upwards or downwards depending on the sign of β. This kind of trend cannot be removed by first-differencing, since t doesn't remove from the process. X t is then referred to as a trend stationary process. Stochastic and deterministic trends are present if and . The previous ADF test tests only for the non-stationarity of a stochastic trend. Since both types of trends cause spurious regression problems, Dickey and Fuller suggest an F test to detect a deterministic trend, by rewriting (16) as: (19) Where
. F-test is used to test the joint hypothesis (critical values of F obtained by DickeyFuller simulation experience since F statistic has a non-standard distribution under the null hypothesis of stochastic trend). Failure to reject this hypothesis would imply that X t is subject to a stochastic trend only, with the absence of a deterministic trend. To test for a deterministic trend alone, the t ratio on the time trend in (19) can be examined using critical values of the t ratio provided by Dickey -Fuller simulation.
The unit root test with the exploration of time trend and drift for the series was applied as follows:
Estimation of the equation:
To determine the order of differenced terms included in the equations in order to achieve ADF test, the serial correlation LM test is applied. If LM suggests autocorrelated residuals for the equation (19), then a higher AR process is tried and so on till the LM statistics are satisfactory. The serial correlation LM test is an alternative test for general serial correlation. It uses the Breusch-Godfrey large sample test for autocorrelated disturbances. After determining the sufficient number of lagged differences, the ADF test is applied to the series.
Testing the null hypothesis against the alternative hypothesis , through the application of the Wald (coefficient restrictions) test by imposing zero coefficients on βt, . The computed value (Φ 1 ) of the Wald test (F-statistic) was compared with the critical value taken from the Dickey and Fuller (1981) tables, which is 6.25 under 95% significance level. If the result accepts H 0 (computed value of Φ 1 < 6.25), Path A is followed. If H 0 is rejected, Path B is followed.
Path A: there is a unit root ( = 0) with no trend (βt = 0), with possible drift. To reinforce the inference that the series contains a unit root, the reported value of the t-statistic of the coefficient must be smaller than the critical value obtained from the Dickey and Fuller (1981) If is rejected, then the series does not have a unit root and is considered stationary, otherwise it has a unit root. To test if βt = 0, the reported t statistic of the βt coefficient is compared with the critical value taken from the standard normal tables. If βt =0 is rejected, then the series has linear trend, otherwise it has no linear trend. To test if the intercept is zero, the t statistic test for α is applied. If α = 0 then the series is without intercept. Otherwise, it has a non-zero drift. 
Empirical Results
The unit root test was conducted first for the five price indices series, then to the five return series. The result in Table  3 shows that the computed values of Φ 1 for the general, bank, and insurance price indices are less than 6.25, implying a unit root. Analysing the calculated t-statistic of the coefficient and comparing it with the critical values obtained from the Dickey and Fuller (1981) tables supports this conclusion. Additionally, the computed values of Φ 2 for the mentioned series are less than 4.68, implying the absence of a drift in these processes. Then (4.36) is estimated since βt = 0 as inferred from the Φ 1 test. The Φ 3 values are also under the critical values, leading to the conclusion that the series are random walk without drift. From the sequence of these tests, the conclusion is that the three series contain a unit root but not a deterministic trend or a drift term.
For the industry and the service price indices, the values of Φ 1 is higher than 6.25 (even though the value is very close to 6.25 in the industry index). Comparing the reported t statistic of coefficients (-3.334, -4.09 respectively) with the critical value of 1.96 taken from the standard normal tables, the H 0: of is rejected, implying no unit root. The two series have also reported a t statistic of coefficients βt of -3.6 and -3.84 respectively, comparing with the critical value of 1.96. This implies a linear trend, possibly with an intercept. Using a conventional t-test in order to test whether the intercept is zero, the t-statistic for the two indices was found to be 3.48 and 4.18 respectively, thereby rejecting the null hypothesis and implying a drift. As a conclusion, the industry and service price indices are stationary with a linear trend and a non-zero drift.
On the other hand, all indices of stock prices exhibited a unit root when different specifications for a unit root were used, such as different number of lags, with or without intercept, with or without trend, and the combinations of these alternatives.
Whilst the price indices series showed deterministic or stochastic trends, nevertheless, the presence of a unit root (non-stationarity) in stock prices is only a necessary (but not sufficient) condition for a random-walk process. As Campbell et al. (1997) demonstrated, unit root tests only explore the permanent/temporary nature of shocks to the series and, as such, have no bearing on the random-walk hypothesis (or predictability). In this light, the use of unit root tests to examine the random-walk hypothesis appears doubtful. See Liu et al. (1997) and Long et al. (1999) .
Moreover, the random walk model needs to fit the model ARIMA (0, 1, 0) where the future value of share prices cannot be determined on the basis of past information. Specifically, future share prices will not depend on past (lag) values of share prices or on the disturbance terms as mentioned in Section 1.2. The significant coefficients different from zero suggest dependency of the series in variables other than simply 1  t P , and this violates the assumption of a random walk model and weak-form efficiency.
On the other hand, when the unit root test was performed using the return indices, none of them (as shown in Table 4 . exhibited a unit root; that is, as expected, all the indices of stock returns are stationary. As the return is the log for first difference of the prices, the price series can be considered as I (1) series, whilst returns are I (0) (Refer to Appendix 4 and note 6).
However the hypothesis of random walk is rejected, for the return indices, by the Dickey-Fuller test at a very high level of confidence (> 99 %). Those results lead us to the conclusion, at this stage, that the random walk model is not satisfactory for ASE returns. Note that rejection of random walk in itself does not imply stationarity. However, these results are in line with the results reported by Neaime (2002) which suggested that, according to the (ADF) tests results, the MENA (Middle East and North Africa) stock market price series are non-stationary. However, unit roots in the first differences of the stock prices are rejected at the 1 percent significance level, suggesting that price indices in the MENA regions are I (1).
Conclusion
This paper has investigated empirically some important aspects of price indices and return behaviour properties for the ASE. The Efficient Market Hypothesis has been assessed using recent econometric procedures. The Box-Jenkins estimation, irrespective of the index examined, produced models with high prediction validity; this implies the existence of deviations from market efficiency in the pricing of equities in the ASE. The unit-root test also confirmed these results, as the return series for all indices did not exhibit unit root and all processes were stationary. Although, the prices series for the general, bank, and insurance indices, exhibited unit roots, it is not sufficient for a random walk process since the series did not fit the ARIMA (0, 1, 0) model. As Campbell et al. (1997) demonstrated, unit root tests only explore the permanent/temporary nature of shocks to the series and, as such, have no bearing on the random-walk hypothesis or predictability. There is a unit root ( = 0) with no trend (βt = 0), with possible drift.
Path A Wald Test:
Null Hypothesis: 
Null Hypothesis: Chi-square 3.272725
There is a unit root ( = 0) with no trend (βt = 0), with possible drift. 
Null Hypothesis:
Chi-square 6.460497
There is a unit root ( = 0) with no trend (βt = 0), with possible drift.
Chi-square 17.81093
Path B
The series is stationary with time trend and intercept. 
